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Abstract—This paper considers how a smart energy solution
for residential areas can be modelled in stochastic HYPE, a
process algebra that describes instantaneous, discrete stochastic
and continuous deterministic behaviour. The system involves
PHEVs (plug-in hybrid electric vehicles) which have batteries
that can be charged either from the grid or from wind turbines,
and can be viewed as a complex adaptive system (CAS). Using
an explicit language with a software tool for simulation, as
opposed to writing a situation-specific simulator, allows for easy
experimentation with the model and exploration of modifications
of the basic scenario. Simulation can be unfeasible for more
complex models, and the paper discusses future work involving
abstractions of the model that mitigate this problem.
I. INTRODUCTION
Traditionally, the production of electrical energy has been
centralised (for economies of scale) at power plants of various
types with delivery of this energy to consumers through a
distribution network involving transformers that appropriately
modify the voltage [8]. This is often refereed to as the grid,
and can be seen as the flow of electricity from a few generation
points to a large number of consumers. New technologies and
the desire to use renewable sources of energy or reduce energy
consumption have led to more distributed generation and the
need for information to allow the immediate management of
energy consumption and storage [6], [8]. The term smart grid
is used to describe the system of electricity generation and
consumption that requires both information and electricity to
flow in both directions between generators and users.
Smart grids can then be seen as collective adaptive systems
(CAS) in that they consist of large numbers of spatially-
distributed entities that are not identical [9], [10], [14]. Further-
more, control is decentralised and individual entities can make
individual decisions about their own behaviour. Quantitative
analysis of these systems is important because modifying exist-
ing structures to become smart involves reconfiguration costs.
By being able to measure the reduction in consumption (and
the associated fees), it is possible to calculate the timeframe in
which the reductions in expenditure for energy consumption
will cover the costs of reconfiguration. The approach taken
in this paper to quantitative analysis is to build a dynamic
model of the system in a quantitative process algebra, and by
experimenting with this model, to develop an understanding
of the reductions involved.
Modelling is a process which allows for description of
the important aspects of a system while omitting aspects
that are not of interest for the question under consideration.
In the case of dynamic models, simulation can be used to
explore the behaviour of different variants of the model, which
in this context, capture different energy usage policies. A
great advantage of modelling, assuming a sufficiently accurate
model, is that experimentation can be done that is unlikely to
be possible with the real system.
Stochastic HYPE is a quantitative process algebra [3], [11]
that allows the modelling of dynamic systems capturing events
that happen immediately a condition becomes true (instanta-
neous behaviour), events that happen after or take a randomly
distributed amount of time (discrete stochastic behaviour) and
influences that affect a variable of the system that can described
by a function of item (continuous deterministic behaviour). The
latter type of behaviour is described by ordinary differential
equations (ODEs).
The structure of the paper is as follows. First, the residential
smart energy scenario is introduced. Next, the stochastic HYPE
model is described (in limited detail, due to space constraints)
highlighting important aspects of stochastic HYPE. Experi-
mental results for the model are presented, and then a proposal
for extending the model to a spatial model is given, followed
by conclusions.
II. RENEWABLE ENERGY STORAGE USING PHEVS
The model is strongly influenced by the scenarios described
in [7], [15], [16]. However, since the aim of the stochas-
tic HYPE model is as an illustration of what is possible,
the scenario is less complex. A more complex model will
be developed as further research. Under consideration is a
distribution transformer serving a small number of houses
(between four and seven [16]) and supplying electricity to the
houses. Additionally, the houses have wind turbines to generate
electricity. It is assumed that each house has a PHEV (plug-
in hybrid electric vehicle) with a battery. Each house has a
controller that receives information about the current price of
electricity, and can decide how to charge the battery, from
the grid and/or the turbine. Furthermore, the controllers are
networked so that they can communicate with other controllers.
The questions to be answered about this scenario include how
much is saved by using the wind turbine to charge the battery.
III. STOCHASTIC HYPE MODEL
A stochastic HYPE model has two parts – the uncontrolled
system Sys which consists of subcomponents that each de-
scribe the capabilities of the system in terms of the change in
each subcomponent as it reacts to certain events and controllers
Con which impose ordering on events. The initial state of the
model that will be presented in this paper can be expressed as
SE
def
= Sys BC∗ init.Con.
Here BC∗ means synchronisation on all shared events. We
assume a number of real-valued variables that are changing
continuously in the model including Bi for the charge of a
battery, Ci for the cost of electricity from the grid consumed
by a single house and T for time. Each battery can be charged
from the grid or from the wind turbine when the PHEV is
present and the controller that expresses this defined is as
follows. It captures the four possible states of charging: none,
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Fig. 1. Operational semantics for stochastic HYPE where E is the set of events and M ⊆ E .
grid charging, wind charging, and both. A fifth state occurs
when the PHEV is away from the house.
BC i
def
= goi.returni.BC i + gchi.BC i,1 + wchi.BC i,1
BC i,1
def
= goi.returni.BC i + nogchi.BC i + wchi.BC i,3
BC i,2
def
= goi.returni.BC i + nowchi.BC i + gchi.BC i,3
BC i,3
def
= goi.returni.BC i + nogchi.BC i,2 + nowchi.BC i,1
There are two other controllers that sequence other events in
the model.
Wind
def
= blow.noblow.Wind
P
def
= peakd.midpeakd.peake.midpeake.offpeak.P
The first is a simple sequencer that describes the wind starting
to blow at a sufficient speed for the turbine to generate
electricity and stopping and the second describes the sequence
of different prices for electricity. Each term of the form a in the
controllers above is an event, and controllers have the standard
process algebra semantics with a.P as prefix and P1 + P2 as
choice. Each event a has event conditions of the form
ec(a)
def
= (Boolean condition, change in variable values)
For example, the event gchi which describes charging the
battery of the PHEV from the grid will have a Boolean
condition that captures the policy that determines when the
system should switch to charging from the grid. Likewise the
Boolean condition associated with nogchi will determine when
the system should switch away from charging the battery from
the grid. Choices for these policies will be discussed below. A
more concrete example is that of the event peakd. The daytime
peak period starts at 07:00 and the event condition involves
checking the time and changing the price of electricity from
the grid.
ec(peakd)
def
= (T mod 24 = 7,Gcost = gcostpeak )
The condition checks the time variable T to see whether it
is 07:00 and the variable Gcost which represents the cost of
electricity is changed to the peak period cost. Stochastic HYPE
also allows for stochastic events a where the event condition
has the form
ec(a)
def
= (functional rate, change in variable values)
Here the event occurs at the end of a duration drawn from the
exponential distribution defined by the rate which may depend
on the variables of the system. Another way to introduce
stochasticity is with timers, and this is the approach taken in
this model.
ec(goi)
def
= (T >= Ti, Ti = T + γ)
ec(returni)
def
= (T >= Ti, Ti = T + γ
′)
The values γ and γ’ are obtained from random distributions
that describe the pattern of the PHEV being present at the
house or absent. Assuming n houses and PHEVs, the con-
trollers of the system can then be defined as follows.
Con
def
= (BC 1 BC∗ . . . BC∗ BCn)BC∗ Wind BC∗ P
Next, the continuous part of the system must be defined.
Subcomponents describe how different influences affect the
variables of the system. Each subcomponent describes a spe-
cific influence consisting of an influence name and two other
elements and there is a function iv which links each influence
name to a system variable. The model under consideration has
the following influence names.
iv(ci) = Ci iv(bg i) = iv(bw i) = Bi iv(t) = T
The subcomponent for time has the form
Time
def
= init : (t, 1, 1).Time
which says that on the event init (which is always the first
event of any simulation and occurs immediately the simulation
starts), the influence t has strength 1 and is linear, hence the
second 1. This describes that time increases with rate 1, as
we would expect. No other events can affect the passing of
time. The other subcomponents are less straightforward. Note
that the battery variables bi each have two influences, and a
subcomponent for each influence name. One subcomponent
captures the effect of charging from the grid and the other
charging from the wind.
BattG i
def
= init : (bi, 0, 0).BattG i + goi : (bi, 0, 0).BattG i
+ nogchi : (bi, 0, 0).BattG i
+ gchi : (bi, chmax − chw, 1).BattG i
The first three events mean that the battery is not charging and
hence the influence name is associated with zeroes. The last
event captures charging from the grid, and the rate of charge
is specified to be the maximum that the battery can charge
minus the charge obtained from the wind turbine (which could
be zero).
BattW i
def
= init : (bi, 0, 0).BattW i + goi : (bi, 0, 0).BattW i
+ nowchi : (bi, 0, 0).BattW i
+ wchi : (bi, chw, 1).BattW i
The component for charging the battery from the wind is
similar in structure.
Grid i
def
= init : (ci, 0, 0).Grid i + goi : (ci, 0, 0).Grid i
+ nogchi : (ci, 0, 0).Grid i
+ gchi : (bc · (chmax − chw),Gcost).Grid i
This subcomponent describes the cost of electricity used for
charging a battery. The first three events occur when charging
is stopped and hence the influence becomes zero. The last event
occurs when charging from the grid starts and this consumption
incurs costs. The cost of the electricity is given by Gcost as
discussed above, and the maximum consumption of electricity
per time unit by the battery is given by the value bc. This
value is modified according to whether part of the charge is
coming from the wind turbine. It is assumed that the PHEVs
have batteries with identical characteristics. The uncontrolled
system can now be defined by
Sys
def
= (BattG1 BC∗ . . . BC∗ BattGn )BC∗
(BattW 1 BC∗ . . . BC∗ BattW n)BC∗
(Grid1 BC∗ . . . BC∗ Gridn)BC∗ Time
The uncontrolled system can be combined with the controllers
which are prefixed by the event init to ensure it is the first
event that happens to give the full model.
SE
def
= Sys BC∗ init.Con
IV. STOCHASTIC HYPE SEMANTICS
The structured operational semantics for stochastic seman-
tics are given in Figure 1. These define a transition system
labelled with events over configurations. Configurations are
pairs consisting of a stochastic HYPE term, and a state that
keeps track on the current details for each influence. The state
is a function that maps each influence name to a pair consisting
of the second and third elements of its tuple. The semantics
involve two functions: the first function which appears in the
first prefix rule is a straightforward update of the state. The
second, Γ is more interesting as for each influence it detects
what changes have occurred in σ caused by the transitions
and is only defined if no influence has been changed by both
transitions. In other words, the transition in the conclusion
can only be inferred if each influence is only modified by one
transition in the premise of the rule, or none. It can be shown
that for certain types of well-defined stochastic HYPE models
[3], [11], Γ is always defined and this is true for the model
presented here. To illustrate the semantics, consider when one
of init, goi or nogchi has occurred. In this case, σ(ci) = (0, 0).
The labelled transition system describes the poten-
tial dynamics of the system. For each configuration〈
Sys BC∗ Con, σ
〉
, the state σ can be used to obtain ordinary
differential equations (ODEs) which describes the continuous
change over time of the system variables. For each variable
V ,
dV
dt
=
∑{| rI ∣∣ iv(ι) = V, σ(ι) = (r, I) |}
The ODE is defined as the sum of rI for each influence name1
that provides an influence on V . Hence different configurations
in the labelled transition system will provide different ODEs.
For the state mentioned above,
1The sum must be over a multiset because rI may appear more than once.
dCi
dt
= 0
as there is no change in the consumption when the battery is
not being charged. When the battery is being charged from the
grid, the state will provide the following ODE
dCi
dt
= bc · (chmax − chw) ·Gcost
which describe how the overall costs of consumption increase
per time unit by the cost per energy unit and the energy
consumed. The ODE for when the battery is being charged
by both grid and wind has the form
dBi
dt
= (chmax − chw) + chw = chmax
To be able to explicitly describe the dynamics of a
stochastic HYPE model, it must be mapped to an appropriate
formalism that describes the different types of behaviour en-
abled in the model formalism. Piecewise deterministic Markov
processes (PDMPs) are an appropriate mathematical model [5]
but their presentation is difficult to work with, hence transition-
driven stochastic hybrid automata [4] are used instead. These
are embodied in the stochastic hybrid simulator described in
[2] and which was used for the simulation reported in this
paper.
V. SIMULATION AND ANALYSIS
The first question of interest covers the saving introduced
by being able to charge the battery from the wind-turbine. We
assume each householder is allowed to set a threshold hi for
their battery under which energy will be drawn from the grid
to charge the battery even if it is during a peak period. This
threshold ensures that a minimum amount of battery charge
will be available when first driving the vehicle away from the
house, and reduce the fuel costs of driving. While charging,
once this threshold has been reached, further charging will
only occur in midpeak or offpeak periods. This describes the
policy when there is no wind turbine present. In the presence
of the wind turbine, the policy can be modified in a number
of ways, with the simplest to allow charging from the wind
turbine whenever there is sufficient wind, regardless of the cost
of electricity from the grid.
Two quantities can be defined to assess the performance
of a smart energy system. Energy efficiency is defined by the
ratio of the renewable energy to all energy. Cost efficiency is
defined by the ratio of savings obtained from renewable energy
to cost of energy without renewables.
The choice of parameters is not straightforward. Technical
specifications for the battery (capacity, time to charge, power
required to charge and the battery charge used per kilometre
of travel) and the wind turbine ( rated power, rated speed
and cut-in speed) are taken from [15]. Percentage of the
time that sufficient wind is available, and average windspeed
of sufficient wind speed has been estimated from British
wind speed frequency data. Time to leave the house is an
exponentially distributed time after 7am and time to return an
exponentially distributed time after 16pm. This ensures that
journeys are not randomly spread over day and night, and
hence the model essentially only considers weekdays. Finally,
distance is determined by an exponential distribution with a
mean of 40 kilometres. Distance is used to determine the
charge of the battery on return.
As mention above, a householder can set a threshold hi
under which the PHEV will always be charged from the grid.
Setting this to 4 kWh (for a 16 kWh battery) for all households,
for a simulation of 20 days (with 50 runs), provides a cost
of 105.78 for each household without wind generation and
63.54 for each houeshold with wind generation, thus giving a
cost efficiency of 40threshold, an experiment was performed
varying the threshold value from 1 to 15.
VI. FUTURE WORK
The model presented here is an illustration of how smart
grid systems can be modelled in the process algebra stochastic
HYPE. However, this model is only an initial step in a much
larger project. A major goal of this research is to investigte
scalable apporaches to modelling. This means that as models
become larger with more and more components, it is still possi-
ble to analyse them. One approach to scalability is to use fluid
or mean-field approaches where discrete stochastic behaviour
can be described by continuous deterministic behaviour [13],
and this approach has been successfully applied within process
algebraic modelling [17].
In this paper, a small group of house served by a single
transformer have been considered. However, neighbourhoods
and suburbs consist of many such groups, laid out across
the landscape. The scalability question is whether can one
efficiently model these suburbs including the spatial hetero-
genity that may affect renewable resources, such as different
orientations of solar panels on different houses, obstacles that
impede windflow, and possible failures of equipment. The
model presented in this paper is detailed, and the resources
required to simulate many versions of this model are imprac-
tical. Hence, the aim is to find a way to abstract from the
details while obtaining good approximations. Moreoever, the
goal is to otbain a general solution, rather than one is specific
to this model. Since this model is hybrid, results relating to
approximations in the presence of gaurd and/or instantaneous
transitions are a useful place to start [1]. Additionally, spatial
modelling has been considered in a number of disciples and
existing approaches can be considered [12]
VII. CONCLUSION
The conclusion goes here.
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